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Abstract 
In this paper, an improved neighbor embedding super-resolution method is proposed by offering two extensions. 
Firstly, an improved neighbor embedding algorithm is presented to overcome over- or under-fitting problem existing 
in the neighbor embedding algorithm of [7]. In our algorithm, the local geometry of each image patch is characterized 
by the reconstruction weights with which the patch is reconstructed from all the neighbors in the neighborhood which 
depends on an empirical threshold. Thus, each image patch is reconstructed from all the neighbors in the 
neighborhood rather than k nearest neighbors. Secondly, a global reconstruction constraint is incorporated into super-
resolution reconstruction process to make the degraded version of target high-resolution image consistent with 
measured low-resolution image. Experiments show that our method yields better results. 
© 2011 Published by Elsevier Ltd. 
Selection and/or peer-review under responsibility of [CEIS 2011] 
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1. Introduction
In many applications, increasing the spatial resolution of a single or a set of images is desirable. The
work on enhancing the spatial resolution of an image can be categorized into two classes. One is to obtain 
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a high-resolution (HR) image from multiple low-resolution (LR) images of the same scene, which are 
aligned with sub-pixel accuracy. It is called super-resolution (SR) image reconstruction in [1-2]. Another 
is to generate a HR image from a single LR image. We refer to this task as the single-image SR problem.  
Mainly three categories of approaches have been proposed for the single-image SR problem. The 
commonly class of single-image SR approach is based on interpolation, such as cubic spline [3] 
interpolation. The HR pixels are usually estimated from their neighbors by these methods. These methods 
are simple but tend to blur the region of image’s high-frequency. Another class is the reconstruction-based 
methods (e.g.,[4]), which  requires that the degraded version of  the target HR image should be consistent 
with the measured LR image. Iterative back-projection (IBP) algorithm has been proposed in some 
reconstruction-based methods to minimize the reconstruction error. However, the annoying chessboard 
and zipping artifacts are commonly introduced in the reconstructed HR image by the IBP method. To 
improve the performance of the IBP method, some regularization methods have been incorporated into 
reconstruction process (e.g.[5]). The last one is the learning-based methods which attempt to extract 
image priors from a number of training images [6-9]. 
Our work is motivated by the study of [7-9].Based on a manifold assumption that patch-pairs from the 
LR manifold(LRM) and the corresponding HR manifold(HRM) have similar local geometry, Chang et 
al.[7] proposed a neighbor embedding SR algorithm which is similar to locally linear 
embedding(LLE)[10]. In [7], the local geometry of each patch is characterized by the reconstruction 
weights with which the patch is reconstructed from its k nearest neighbors. The neighbor embedding SR 
method gives good performance. Wei Fan et al. [8] extended this idea by using primitive patches instead 
of general ones to make LRM and HRM concordant with the manifold assumption. Bo Li et al. [9] further 
extended the work of [8] by introducing the local preserving constraints which emphasize the consistency 
of localities on both manifolds (LRM and HRM). However, fixing k for each LR image patch may result 
in blurring effects due to over-fitting or under-fitting. As shown in Figure.1 (c), the face details have been 
blurred. 
This paper proposes an improved neighbor embedding SR method by offering two extensions: Firstly, 
an improved neighbor embedding algorithm is proposed. In our algorithm, the local geometry of each 
patch is characterized by the reconstruction weights with which the patch is reconstructed from all the 
neighbors in the neighborhood which depends on an empirical threshold. The primary difference is that 
each image patch is reconstructed from all the neighbors in the neighborhood rather than k nearest 
neighbors. Our aim is to avoid over- or under-fitting problem existing in the algorithm of [7]. Secondly, 
the global reconstruction constraint is incorporated into the SR reconstruction process to ensure that the 
degraded version of target HR image is consistent with measured LR image. 
2. Problem statement 
The single-image SR problem consider: given a LR imageY , we estimate its HR image X .In general, 
the LR image is modeled as the blurred and down-sampled version of the HR image X .The imaging 
model can be represented by 
                                                                DHXY =                                                                              (1) 
where H  and  represent blurring filter and down-sampling operator, respectively.  D
3. Improved neighbor embedding SR algorithm 
A neighbor embedding SR algorithm is proposed by [7] to solve the single-image SR problem. The 
algorithm can be described as follows. The target HR image is estimated with the help of two training sets 
of LR training images and the corresponding HR images. Firstly, the LR image is split into overlapping 
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patches. Secondly, for each LR patch, a set of k nearest neighbors is found in LR training set and the 
reconstruction weights of its neighbors are computed by minimizing the local reconstruction error. Thirdly, 
the corresponding HR patch is reconstructed by using the appropriate HR patches in HR training set with 
respect to the k nearest neighbors and the reconstruction weights. Finally, the target HR image is 
constructed from HR patches obtained in previous step. 
Recently, A Nonlocal Means (NLM) denoising filter is generalized to become an effective multiple 
images SR algorithm [11]. The NLM filter exploits self-similarities assumption that image content is 
likely to repeat itself within some neighborhood. The basic principle of the denoising technique is that 
each pixel in the noisy image can be recovered by the weighted average of all pixels in its appropriate 
neighborhood. Gained enlightenment from the NLM denoising filter, we suppose that an image patch can 
be reconstructed by averaging all the weighted patches in its appropriate neighborhood. The experimental 
results bear out our supposition. The top 20 patches of Figure1 (b) are selected for our experiments. Every 
patch is then reconstructed from both all neighbors in the appropriate neighborhood and k nearest 
neighbors (the former is called as method (2) and the later is called method (1) in Table1). We set the 
number of nearest neighbors k to 5 and compute the neighborhood by formula (2) (T , the range of 
pixel value is between 0-1). The root mean square error (RMSE) between the reconstructed image patch 
and ground-truth image patch is computed and the results are shown in Table 1. The experiments show 
that the reconstruction of a patch can be done better by using all neighbors in the appropriate 
neighborhood than k nearest neighbors. An exception is the 20th patch due to the insufficiency of patches 
in the appropriate neighborhood. 
Table 1 The RMSE results of patches reconstructed by using all neighbors in the appropriate neighborhood and k nearest neighbors
SN
The RMSE 
results by
method (1)  
 (k=5) 
The RMSE 
results by
method (2) 
The number of 
patches in the 
appropriate 
neighborhood 
SN
The RMSE 
results by
method (1)  
 (k=5) 
The RMSE 
results by
method (2) 
The number of 
patches in the 
appropriate 
neighborhood 
1 0.0196 0.0085 1276 11 0.0202 0.0039 1182 
2 0.0149 0.0071 1312 12 0.0162 0.0035 1367 
3 0.0156 0.0042 1353 13 0.0116 0.0023 1321 
4 0.0189 0.0026 1286 14 0.0127 0.0006 1144 
5 0.0195 0.0025 1270 15 0.0182 0.0035 912 
6 0.0190 0.0027 1210 16 0.0247 0.0053 902 
7 0.0218 0.0062 1121 17 0.0280 0.0099 738 
8 0.0223 0.0074 1038 18 0.0364 0.0143 50 
9 0.0273 0.0075 920 19 0.0459 0.0389 6
10 0.0206 0.0057 1071 20 0.0409 0.0430 3
   Base on the above supposition, we propose an improved neighbor embedding SR algorithm. In this 
algorithm, the local geometry of each image patch is characterized by the reconstruction weights with 
which the patch is reconstructed from all the neighbors in the neighborhood which depends on an 
empirical threshold. Our algorithm can be summarized follows: 
1. For each patch in  which is sampled from measured LR imageiy
N
iiy 1}{ = Y .
• Find its appropriate neighborhood N  in LR training set sNi
s
iy 1}{ = which is sampled from the LR 
training images. We use Euclidean distance to define neighborhood, and denote Euclidean distance 
between two image patches as ),( ski yy . The neighborhood N  can be formulated as: dist
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where T  represents a empirical threshold that is the allowed maximal distance between i  and the 
patches in .Compute the reconstruction weights of the patches in by minimizing the local 
reconstruction error. 
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• Compute the HR embedding ix  using the corresponding HR features of the LR patches in N and the 
reconstruction weights.    
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where  is the HR training set which is sampled from the HR training images. sNi
s
ix 1}{ =
2. Construct the initial HR image 0X  by enforcing local compatibility and smoothness constraints 
between adjacent HR patches obtained in step 1. 
4. Global reconstruction constraint  
The reconstruction constraint, which requires that the blurred and down-sampled version of the target 
HR image should be as close as possible to the measured LR image, is often adopted to solve the ill-posed 
problem of image super-resolution. The initial HR image 0X  may not satisfy the reconstruction 
constraint. Similarity to [12], a global reconstruction constraint is modeled by expression (5). We find 
target HR X by balancing the fidelity to the measured LR image with respect to the imaging model and 
the fidelity to .                    0X
                                             
2
20
2
2
minargˆ XXYDHXX
X
−+−= λ                                            (5)
5. Experiments 
 In our experiments, the proposed method is compared with original method in [7]. The same images 
and training set as [7] are selected for convenience. We also use the first-order and second-order 
derivatives of the luminance as the feature for LR image patches and use the luminance values of pixels in 
image patches as the feature for HR patch similar to [7]. The image magnification factor is 4. The blurring 
filter is averaging filter of size .The empirical threshold 44× T is set to 0.1. 
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Figure 1. Single-image super-resolution (the image magnification factor is 4).  (a) ground-truth HR image; (b) LR image by down-
sampling and blurring from (a); (c) target HR image reconstructed by original method. RMSE= 7.342149 (d) target HR image 
reconstructed by proposed method. RMSE= 6.649940. 
 Figure 1 gives a real example of the proposed method and the original method. Figure 1 (a) is ground-
truth HR image. Figure 1(b) is down-sampled and blurred version of (a). Figure1(c) is the target HR 
image reconstructed by original method. Figure 1(d) is the target HR image reconstructed by proposed 
method. As we can see that the proposed method can recover more details than the original method. The 
quantitative result is measured by RMSE between the reconstructed image and ground-truth image. As 
shown in Figure1, the proposed method outperforms the original method with lower RMSE. 
6. Conclusion 
This paper presented an improved neighbor embedding SR method by offering two extensions. On the 
one hand, an improved neighbor embedding SR algorithm is proposed. The primary difference is that each 
image patch is reconstructed from all neighbors in the appropriate neighborhood rather than k nearest 
neighbors. The over- or under-fitting problem of [7] can be avoided by our algorithm. On the other hand, 
a global reconstruction constraint is modeled to ensure that the degraded version of target HR image is 
consistent with measured LR image. The experiment shows that proposed method gives superior 
performance. 
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